Previously accurate genomic predictions for Bacterial cold water disease (BCWD) resistance in rainbow trout were obtained using a medium-density single nucleotide polymorphism (SNP) array. Here, the impact of lower-density SNP panels on the accuracy of genomic predictions was investigated in a commercial rainbow trout breeding population. Using progeny performance data, the accuracy of genomic breeding values genome. This long-range LD likely contributed to the accurate genomic predictions with the low-density SNP panels. Population structure analysis supported the hypothesis that long-range LD in this population may be caused by admixture. Results suggest that lower-cost, low-density SNP panels can be used for implementing genomic selection for BCWD resistance in rainbow trout breeding programs.
year rainbow trout breeding populations of the USDA National Center for Cool and Cold water Aquaculture (NCCCWA) (Palti et al., 2015; Vallejo et al., 2014) . Even though those loci can be evaluated for identifying positional candidate genes following fine-mapping, the complex genetic architecture of BCWD resistance and high genetic variability (Leeds et al., 2010; Palti et al., 2015; Vallejo et al., 2014) led to the proof that genomic selection (GS) is an efficient strategy for improving genetic resistance against BCWD in rainbow trout aquaculture .
Dense marker genotypes that cover the whole genome are often used in GS, combined with phenotypic data to predict breeding values of all genotyped individuals (Meuwissen, Hayes, & Goddard, 2001) . In GS, a reference or training population is genotyped and recorded for the trait to train the GS model, which means to estimate the effect of each single nucleotide polymorphism (SNP). Selection candidates or potential breeders are also genotyped, and by combining their genotypes with the estimated SNP effects, genomic estimated breeding value (GEBV) is obtained for the potential breeders. The GS approach does not necessarily require pedigree records and the selection candidates do not need phenotypes. Thus, the GS methodology is very advantageous for traits that cannot be measured directly on the selection candidates, including carcass traits, sex-limited traits and disease resistance. In livestock breeding, GS has been demonstrated to be very effective in commercial dairy (Wiggans, VanRaden, & Cooper, 2011) and beef cattle . For aquaculture species, the major benefit of GS is that it enables exploitation of within-family genetic variation for traits that cannot be measured directly on selection candidates . In addition to increasing accuracy of selection, GS is expected to reduce rates of inbreeding because the ability of estimating the Mendelian sampling term in GS allows for identification and selection of elite breeding candidates from more families, with lower coselection of sibs (Daetwyler, Villanueva, Bijma, & Woolliams, 2007) .
There are multiple factors that can impact the accuracy of genomic predictions including the size of the training population, the marker density of the genotyping panel, the trait heritability, effective population size (N e ), effective number of chromosome segments (M e ), degree of relationship between training and testing animals, the average relationship among training animals, the distribution of QTL effects and the level of LD between the marker loci and the QTL (Pszczola, Strabel, Mulder, & Calus, 2012) . In addition, the trait genetic architecture coupled with a proper GS model can also have a substantial impact on the accuracy of the genomic predictions (Daetwyler, Pong-Wong, Villanueva, & Woolliams, 2010; .
A high extent of admixture-induced long-range LD facilitated the estimation of high accuracy genomic predictions for sea lice resistance using relatively small training set and low marker density in a farmed Atlantic salmon population . Recently, accurate genome-enabled breeding values for BCWD resistance have been predicted using small training sets of 500 and 1,000 fish genotyped with a 57K SNP chip in a commercial rainbow trout breeding population . In this study, the impact of reducing the SNP panel density on the accuracy of genomic predictions was evaluated. Lower marker density can reduce the cost of genotyping and facilitate the implementation of GS in commercial rainbow trout aquaculture. This study was also conducted to determine whether the high accuracy of genomic predictions for BCWD resistance when using a relatively small training sample and lower-density SNP panels was enabled by the postulated occurrence of long-range LD in salmonid populations . The main objectives of this study were to (a) assess the accuracy of genomic predictions for BCWD resistance in rainbow trout with reduced-density SNP panels; (b) assess the impact of QTL for BCWD resistance on the accuracy of genomic predictions using a panel of only 70 QTLflanking SNP versus excluding two chromosomes with large-effect BCWD resistance QTL from the whole-genome panel; (c) compare the performance of GS models when using reduced-density SNP panels; and (d) assess the extent of LD in this commercial rainbow trout breeding population.
| MATERIALS AND METHODS

| Ethics statement
All fish work was conducted in accordance with national and international guidelines as previously described (Vallejo, . The protocol for this study was approved by the Institutional Animal Care and Use Committee of the US Department of Agriculture, Agricultural Research Service, the NCCCWA. All efforts were made to ensure fish welfare and to minimize suffering.
| Assessment of prediction accuracy using reduced-density SNP panels
The rainbow trout rearing and BCWD challenge, the phenotyping approach, and the validation for comparing genomic models were previously described . Briefly, the study included 102 full-sib (FS) families from year-class (YC) 2013 of the Troutlodge, Inc., all-female, May-spawning population (TLUM), and a total of 7,893 and 2,403 offspring from these families had BCWD resistance records and genotype data, respectively. The BCWD resistance phenotype (STATUS) was recorded as a categorical trait, with two categories: 1 = the fish died during the 21 days postchallenge evaluation period; and 2 = the fish was alive on day 21 postchallenge.
The fish sampled from the TLUM population were genotyped using the Rainbow Trout Axiom 57K SNP array (Affymetrix) as previously reported . Of the 57K SNPs on the array, 45,195 SNP (45K SNP) passed the genotype calling quality control (QC) in this population. Of the 45K SNP, 41,868 SNPs were polymorphic in the population (Table 1) . After QC with the software PREGSF90 from the BLUPF90 family of programs , we had 35,636 effective SNPs for the GS analysis (35K SNP panel). Several reduced-density SNP panels were tested to evaluate the usefulness of lower genome coverage for genomic predictions for BCWD resistance. The reduced-density SNP panels were developed by subsampling evenly spaced SNPs from the 35K SNP panel trying to optimize the genome coverage across the rainbow trout chromosomes. Ten SNP panels were evaluated: 35K, 10K, 3K, 1K, 500, 300, 200 and 70 QTL-flanking SNP, and also 35K and 500 SNP panels without SNP from chromosomes Omy8 and Omy25 (Table 1 ). The 70 SNP panel that flanked QTL included SNPs that were recently identified through GWAS in rainbow trout populations (Vallejo, Liu, et al., 2017) . The largest-effect QTL detected in that GWAS were located on chromosomes Omy8 and 25, and here, we assessed the impact of excluding those QTL on the accuracy of genomic predictions.
The genomic data from the phenotyped training fish were used to estimate marker effects and build the prediction model using the Bayesian variable selection model BayesB, implemented in the software GENSEL (Fernando & Garrick, 2009) . The threshold animal model to estimate marker effects for survival STATUS included a population mean, random marker and random error effects, and the Bayesian analysis performed as previously described (Vallejo, . The SNP genotype data altogether from training and testing fish and pedigree information on all fish were used to estimate GEBV for the testing sample fish (n = 130 FS of training fish that were not disease challenged) using two methods: (a) single-step genomic BLUP (ssGBLUP) (Aguilar et al., 2010); weighted ssGBLUP (wssGBLUP). The threshold animal model to estimate GEBV for survival STATUS included a population mean, random animal genetic effect and random error effect and the analysis performed using the software THRGIBBS1F90 from the BLUPF90 family of programs as previously described .
The predictive ability of genomic predictions was calculated as the correlation between the mid-parents EBV or GEBV and the mean progeny performance (MPP) for each of the 138 YC 2015 progeny testing families as previously described . The bias of EBV or GEBV prediction was estimated as the regression coefficient of performance MPP on predicted mid-parent EBV or GEBV. Before estimating the regression coefficient, the predicted EBV and GEBV for STATUS on the underlying scale of liability were transformed to the observed scale: the EBV and GEBV were transformed to the standard normal cumulative distribution function to estimate the probability of survival.
| Linkage disequilibrium and effective population size
From the 41,868 SNPs genotyped in 2,500 fish which included 2,403 offspring from 50 YC 2013 families each with approximately 20-80 offspring per family, and 97 parents (Table 1) , after QC with the software PREGSF90 from the BLUPF90 family of programs and placement on chromosomes using the rainbow trout reference genome (GenBank assembly Accession GCA_002163495), 31,788 effective SNPs (32K SNP panel) remained for linkage disequilibrium (LD) analysis. The GS analysis used higher number of SNPs (35K SNP panel) than the LD analysis (32K SNP panel) because the GS analysis does not require the use of physically mapped SNPs. For the LD analysis, in five replicates, one fish from each of the 50 YC 2013 families was randomly sampled with replacement; therefore, each genotype data set used for LD calculation contained 50 unrelated fish (n = 50).
The LD was quantified as the Pearson's squared correlation coefficient (r 2 ) of the genotype vectors for each pair of loci, where the genotypes were coded as the number of nonreference alleles, with possible values as 0, 1 and 2 (Hill & Robertson, 1968) ; missing genotypes received a tagging code of 5 and were excluded from analysis. The LD was estimated using the software PREGSF90 (Aguilar, Misztal, Tsuruta, Legarra, & Wang, 2014) from the BLUPF90 family of programs using this expression:
; where D = p 11 p 22 -p 12 p 21 corresponded to the frequency of the genotypes; p and q are the alleles frequencies. The LD estimated from a limited sample of individuals from the population can be upwardbiased; so the r 2 estimates were adjusted for experimental sample size using this expression: r
where n is the number of unrelated individuals used in the LD analysis (Saura, Tenesa, Woolliams, Fernandez, & Villanueva, 2015) . We estimated the mean and maximum LD per chromosome. The mean LD was the average r 2 estimate from all pairwise SNPs per chromosome. The maximum LD was the average r 2 estimate from SNP pairs spaced at very short distance (within a bin of 0.1-10.0 Kb). The LD decay with distance between markers was obtained fitting the following equation proposed by Sved,
where LD ij is the estimated LD for the marker-pair i and j; k is a constant based on the type of chromosome used in the analysis (k = 4 for autosomes); N e t is the effective population size for chromosome t and d ij is the distance between markers i and j. The effective population size (N e ) was estimated using the expression proposed by Saura et al., (2015) : À1 is the adjustment term for experimental sample size, and a is a fixed parameter related to mutation (1 = absence of mutation and 2 = presence of mutation); we used a = 2.
| Population structure analysis
We performed structure analysis by fitting an admixture model to the genotype data from the 32K SNP panel to assess the extent of admixture in the studied population using the software STRUCTURE (Pritchard, Stephens, & Donnelly, 2000) . For the structure analysis, we developed three data sets of 50 unrelated fish by randomly sampling, with replacement, one offspring from each of the 50 YC 2013 families; each family had approximately 20-80 FS offspring with marker genotype data. The structure analysis used a Bayesian method: The Gibbs sampler had 20K burn-in iterations which were discarded to then collect data from 50K iterations, and we run two chains per data set to assess consistency of results.
| Data availability
The authors state that all data necessary for supporting the conclusions of this research article are included within the article.
| RESULTS
| Accuracy and bias of genomic predictions
The 35K SNP panel had the most accurate genomic predictions (0.71) for BCWD resistance followed by the 10K (0.67) and 3K (0.66) SNP panels when using BayesB (Table 2) . However, when using ssGBLUP and wssGBLUP, the 70 QTL-flanking SNP panel had the most accurate genomic predictions (0.72) followed by the 35K (0.65-0.68) and 10K (0.64-0.65) SNP panels ( Figure 1) . Clearly, the 500 SNP panel without Omy8 and Omy25 SNPs had the lowest accuracy genomic predictions (0.25-0.48). With the exception of that panel, all the tested SNP panels with all GS models had genomic predictions with higher accuracy (0.42-0.72) than those estimated with pedigree-based PBLUP model (0.36) (Figure 1 ). The accuracy of genomic predictions for BCWD resistance decreased with SNP density reductions from 35K down to 200 SNP for all the tested GS models (Table 2; Figure 1 ). Interestingly, the accuracy of genomic predictions with 200 (0.47-0.51), 300 (0.49-0.51) and 500 (0.50-0.56) SNP panels was better than that estimated with pedigree-based PBLUP model (0.36) (Figure 1) . Remarkably, the accuracy of genomic prediction for BCWD resistance decreased only moderately with SNP density reduction from 35K (0.65-0.71) down to 10K SNP (0.64-0.67) (Figure 1 ). The genomic predictions for BCWD resistance using 35K SNP panel (0.71) had higher accuracy than those estimated with 70 QTL-flanking SNPs (0.65) when using BayesB (Table 2; Figure 1) . Conversely, the genomic predictions using 70 QTL-flanking SNPs (0.72) had higher accuracy than those estimated with 35K SNP panel (0.65-0.68) when using ssGBLUP and wssGBLUP models.
The accuracy of genomic predictions using 35K SNPs (0.65-0.71) was substantially reduced when the Omy8 and Omy25 SNPs were not included in the panel (0.52-0.62) (Table 2 ). However, a greater reduction was observed using a 500 SNP panel with (0.50-0.56) or without Omy8 and Omy25 SNPs (0.25-0.48).
The most accurate (0.71) and least biased (1.01) genomic predictions for BCWD resistance were estimated using 35K SNP with BayesB model (Table 2) . However, the bias of genomic predictions increased abruptly with SNP density reduction from 10K SNP (1.26) down to 200 SNP (2.33) when using BayesB. Notably, the bias of genomic predictions did not decrease with SNP density reductions when using ssGBLUP and wssGBLUP. Although, the accuracy of predictions with wssGBLUP (0.51-0.68) was marginally better than that estimated with ssGBLUP (0.47-0.65), the genomic predictions estimated with ssGBLUP (0.88-1.05) had lower bias than those estimated with wssGBLUP (0.64-0.86).
| Linkage disequilibrium and effective population size
The average LD (r 2 ), distance between analysed loci-pairs in base pairs (bp) and effective population size (N e ) estimated for each rainbow trout chromosome in YC 2013 families from the TLUM population are presented in Table 3 . The estimated whole-genome average LD was r 2 = 0.27. The average LD per chromosome ranged from 0.21 to 0.44, with strong average LD of r 2 ≥ 0.25 in 21 chromosomes (Figure 2) . Remarkably, chromosome Omy5 had the highest mean (0.44) and maximum (0.48) LD estimate followed by Omy8 (0.30) (Table 3; Figure 2 ). Chromosomes Omy21 (0.21) and Omy22 (0.22) had the lowest mean LD estimates (Figure 2 ). The average distance between two adjacent SNPs ranged from 53,172 to 68,600 bp per chromosome with a genomewide average distance of 58,527 bp (Table 3) .
The average estimated effective population size was N e = 155 (Table 3) . Chromosomes Omy21 (N e = 242) and Omy22 (N e = 246) had the largest effective population size. Chromosome Omy5 had the smallest effective population size of N e = 14. Relatively small effective population size was also estimated for chromosome Omy4 (N e = 76). The BayesB method uses a mixture parameter p that specifies the proportion of loci with zero effect. h Accuracy of predicted GEBV (Accuracy GEBV ) was defined as the correlation of mid-parent GEBV with mean progeny performance (MPP) from each progeny testing family (PTF):Accuracy GEBV = CORR (Midparent GEBV, MPP). i Bias of predicted GEBV (Bias GEBV ) was defined as the regression coefficient of performance MPP on predicted mid-parent GEBV: Bias GEBV = REGRES (Midparent GEBV, MPP).
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| Linkage disequilibrium decay with distance
The results of LD decay with distance estimated for each of the 29 rainbow trout chromosomes using the 32K SNP panel are presented in Figure 3 . Overall, the level of strong LD (r 2 ≥ 0.25) extended over 1 Mb on all the 29 chromosomes. Strikingly, the level of strong LD was over 25 Mb on chromosome 5. In addition, the level of strong LD extended over 5 Mb on chromosome Omy4.
| Population structure analysis
The ancestry genomic composition of 50 unrelated fish from the TLUM population for data set 3 chain 1 is shown in Figure 4 . The colours represent the proportion of ancestry assigned to each cluster for each individual fish. The results shown that the TLUM 2013 population comprised four to five distinct genetic subpopulations (K = 4-5).
| DISCUSSION
In this study, reducing the SNP panel density and consequently genome coverage led to a moderate and gradual reduction in the accuracy of genomic predictions for BCWD resistance in rainbow trout, and strikingly, we observed that even with a 500 SNP panel, the accuracy is still noticeably higher than the traditional pedigree-based prediction (0.50-0.56 versus 0.36). Similar results to our findings were reported with farmed Atlantic salmon populations (Correa, Bangera, Figueroa, Lhorente, & Yanez, 2017; , which lead them to hypothesize that the better than expected accuracy of genomic predictions using low-density SNP panels was due to the occurrence of high levels of admixture-induced long-range LD in the studied populations. Here, we quantified with empirical data the presence of long-range LD in a commercial rainbow trout population. Strikingly, the level of strong LD (r 2 ≥ 0.25) spans over 1 Mb across the rainbow trout chromosomes. This long-range LD likely has a major contribution to the relatively high accuracy of genomic predictions with lower-coverage SNP panels. However, the high relationship between training and testing individuals, the genetic architecture of the trait and the small effective population size also likely contributed to the high accuracy of genomic predictions with low-density SNP panels. We confirmed that genomic predictions with high accuracy by genotyping relatively small training samples are possible with as low as either 500 SNP or 70 SNP flanking QTL for BCWD resistance. This should have practical impact towards reducing the genotyping costs and enabling the implementation of genome-enabled selection for BCWD resistance within commercial rainbow trout breeding programs.
| High accuracy genomic predictions with low-density SNP panels
The BayesB model was more accurate than the ssGBLUPbased models at the highest marker density of 35K SNP down to 3K SNP, but it was also more sensitive to SNP density reduction with the largest decline in accuracy from the 3K to the 1K SNP panel followed, by another substantial decline from the 1K to 500 SNP panel. Similarly, compared to only moderate decline in the accuracy of the ssGBLUP-based model predictions, we detected a sharp decline in the accuracy of the BayesB predictions between using the higher density panel without Omy8 and 25 and using the 500 SNP panel without Omy8 and 25. A major The linkage disequilibrium (LD) analysis included 50 unrelated fish from the year-class (YC) 2013 families from the Troutlodge, Inc., all-female, May-spawning nucleus breeding population (TLUM). We developed five-replicated samples each with 50 unrelated individuals by randomly sampling, with replacement, one offspring from each of the 50 YC 2013 families. Here, we present the average LD results from the five replications.
b The LD was performed using 31,788 effective SNPs (32K SNP panel), and the LD was defined as the Pearson's squared correlation coefficient (r 2 ) for each pair of allele counts at two linked loci on a chromo-
The maximum LD was the average r 2 estimate from SNP pairs spaced at very short distance (within a bin of 0.1-10.0 Kb). difference between BayesB and ssGBLUP-based models is that BayesB is an IBS-based GS model that can efficiently extract LD and pedigree information from marker genotype data provided that the marker density is sufficiently high . In contrast, the ssGBLUPbased models use both the IBS-based relationship matrix G and the pedigree information via the pedigree-based IBD matrix A (Aguilar et al., 2010; Legarra, Christensen, Aguilar, & Misztal, 2014) . Thus, reductions in SNP density can cause a more drastic decrease in accuracy of genomic predictions with BayesB than with ssGBLUP-based models.
Similarly, the accuracy of predictions with the 70 QTLflanking SNP panel was higher than the 35K SNP panel when using ssGBLUP-based models, but slightly lower than the 35K SNP panel when using BayesB. These results were due to the following reasons: The accuracy of predictions was mostly due to LD between the SNP and QTL when using 70 QTL-flanking SNP (David Habier, personal communication) . The IBS-based BayesB model requires a sufficiently high marker density to capture LD and pedigree information, so consequently the accuracy of prediction of BayesB was more negatively affected than ssGBLUP-based models because BayesB cannot effectively extract pedigree information with only 70 QTL-flanking SNP loci. In contrast, the ssGBLUP-based models despite of using the IBS-based relationship matrix G, they also use directly the pedigree information through the relationship matrix A and as a consequence, the accuracy of prediction of ssGBLUP-based models is less negatively affected than the BayesB with the use of 70 QTL-flanking SNPs. Finally, cosegregation information can be captured by the IBS-based GS models such as BayesB and ssGBLUP-based models because IBD relationships also imply a relationship at the marker level (Habier, Fernando, & Garrick, 2013) . However, an accurate representation of the relationships still requires dense marker data, which contributes to the sensitivity of purely IBS-based GS methods such as BayesB to marker density.
The main findings of this study are that with a higher density SNP panel providing good genome coverage, even without the major QTL found on Omy8 and 25, we can still obtain accurate predictions (0.52-0.62) for BCWD resistance in rainbow trout. However, with low-density SNP panels, it is very important to include the SNPs that are near or in LD with the QTL; because when we used a 500 SNP panel without the major QTL found on Omy8 and 25, the accuracy was poor (0.25-0.48). On the other hand, with only 70 SNPs that are near the major QTL found for BCWD resistance, the accuracy was as high as with 35K SNP.
| Linkage disequilibrium and effective population size
In this study, we provide for the first time whole-genome LD analysis in rainbow trout using a dense 32K SNP panel. The average LD across the rainbow trout chromosomes was high (r 2 = 0.27). Chromosome Omy5 had the highest average LD (r 2 = 0.44) and also the lowest effective population size (N e = 14). Overall, this commercial rainbow trout breeding population had an average effective population size of N e = 155 which was larger than the estimate of N e = 145 in a separate rainbow trout breeding population (Rexroad & Vallejo, 2009 ). In addition, we found that the chromosomes Omy5 and Omy8 were outliers with higher mean LD than the other chromosomes. In Omy5, the higher than average LD is likely caused by large chromosomal inversions previously detected in other studies, which prevented recombination in fish that are heterozygous to the inversion (D. E. Pearse & S. Lien, unpublished). Also, a much smaller than average effective population size was estimated for Omy4, which can be related to a yet unknown chromosomal rearrangement causing structural variation and recombination interference in this chromosome (Y. Palti, unpublished) . Strikingly, we found that the level of strong LD (r 2 ≥ 0.25) spanned over 1 Mb in all the rainbow trout chromosomes and over 25 Mb on chromosome Omy5. In the past, using 49 microsatellite loci and 96 unrelated rainbow trout fish, we found that the level of strong LD between syntenic loci decayed rapidly at distances greater than 2 cM which is equivalent to~1.2 Mb in rainbow trout (Rexroad & Vallejo, 2009) . Therefore, our results confirm the existence of high extent of long-range LD in this commercial rainbow trout breeding population. Aquaculture populations have more recent history of domestication compared to most terrestrial livestock, and these populations also have evidence of admixture with natural or wild stocks. As a result, the observed long-range LD in salmonid populations was generated by relatively recent admixture events . The admixture of four to five distinct genetic subpopulations in the TLUM 2013 population was shown (Figure 4) , and hence, strong evidence in support of the hypothesis that population admixture is likely a major contributor to the longrange LD detected in this study. In contrast to our findings on strong LD spanning over 1 Mb, Kijas et al., (2017) reported the existence of shorter LD blocks in the Tasmanian Atlantic salmon population in which the level of strong LD did not extend beyond 100 Kb. This shorter LD is, however, consistent with the history of that stock, which has been kept as a closed breeding population originated from one founder strain in the 1960s. In comparison, the pedigree records of the rainbow trout population from this study only start from 2001, indicating only 12 years or six generations of closed breeding population (James Parsons, personal communication). Furthermore, much shorter LD blocks were recorded in other livestock populations that also have relatively small N e , but are not expected to have admixture and population structure. Briefly, strong longrange LD (r 2 ≥ 0.25) does not extend beyond 740 Kb in Duroc and Hampshire breeds of pigs (Badke, Bates, Ernst, Schwab, & Steibel, 2012) ; and the average level of LD for markers spaced at 40-60 Kb was r 2 = 0.20 in Holstein dairy cattle (Bohmanova, Sargolzaei, & Schenkel, 2010) . However, it is important to note that admixture is not likely the only factor contributing to the striking long-range LD we uncovered in this study. It is well documented that rainbow trout and other salmonids have high level of recombination interference in the male chromosomes that can also induce and contribute to the long-range LD we observed in this study (Gonzalez-Pena et al., 2016) . Based on these results, the number of independent chromosome segments (M e ) in the rainbow trout genome for this population should have an upper bound of M e = 20,026 (M e = 4N e L = 4 9 155 9 32.3) (Daetwyler et al., 2010) where N e is the effective population size and L is the length of the rainbow trout genome in Morgan units based on estimates of Gonzalez-Pena (Gonzalez-Pena et al., 2016) . Thus, we would need less than 20K informative and polymorphic SNPs for efficient GWAS and GS studies with rainbow trout populations because the independent chromosome segments are associated with the LD blocks and assuming that the M e and number of effective independent SNPs may be similar under the polygenic model. Here, interestingly, we noticed that the prediction accuracy achieved with 35K SNP was only marginally better than 10K SNP, confirming that indeed we might need much less than 20K SNP to estimate high accuracy genomic predictions for BCWD resistance in rainbow trout breeding populations.
| CONCLUSION
In this study, the accuracy of genomic predictions using as low as 500 SNPs is still higher than the genetic-merit predictions estimated with a pedigree-based model. There is a high extent of long-range LD in this rainbow trout breeding population, which is likely a major contributor to the good accuracy obtained with the lower-density SNP panels. Thus, animal merit genomic predictions with high accuracy can be achieved by genotyping relatively small training samples with as low as either 500 SNP or 70 QTL-flanking SNPs and this will have a great impact on reducing genotyping costs and enabling the implementation of GS for BCWD resistance in commercial rainbow trout breeding programs.
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